■ INTRODUCTION
Urban runoff poses both challenges and opportunities. Hydrological alterations associated with urbanization universally increase the volume of runoff and pollutant loads delivered to streams, lakes, and the coastal ocean during storms. 1−4 On the other hand, urban runoff can be transformed into a valuable water resource through the adoption of green infrastructure, also known as low impact development (LID). LID technologies capture and treat urban runoff before it reaches sensitive receiving waters. 5−7 The treated water can be used to support local groundwater supplies (if infiltrated) and as a source of nonpotable water for irrigation and toilet flushing (if harvested). 7−11 Biofilters (also known as rain gardens or bioretention systems) are a particularly versatile LID technology. They are vertically oriented filtration systems in which runoff ponds at the top and percolates by gravity through planted and variably saturated filter media. 12, 13 Because they have relatively small areal footprints (e.g., compared to constructed wetlands), biofilters can be integrated into the urban landscape over a range of scales.
14 They can also be engineered to achieve prespecified levels of runoff harvesting and infiltration, for example with the goal of maintaining and/or restoring preurban flow regimes in streams. 7, 15 Among their water quality benefits, biofilters may be useful for removing fecal indicator bacteria (FIB) from dry and wet weather urban runoff. 16−22 FIB, which include Escherichia coli and enterococci bacteria, are routinely used by public health officials to assess the human health risk of recreating in fresh and marine surface waters. 23, 24 FIB are often present at high concentrations in urban runoff, 25−28 and consequently thousands of runoffimpacted inland and coastal beaches in the U.S. are periodically closed to the public because FIB concentrations exceed state or federal limits. 29 The cost of these water quality impairments measured in recreational waterborne illness, 30 lost recreational opportunity, 31 and cleanup 32 is staggering. For example, deployment of LID and education programs to reduce stormwater runoff-associated FIB pollution at recreational beaches in San Diego (California) could cost the city up to $3.7 billion (2011 U.S. dollars). 32 For all of these reasons, there is an urgent need to understand how engineering design influences FIB removal in green infrastructure, in general, and biofilters, in particular. 33, 34 Clean bed filtration theory (CBFT) may be helpful in this regard, as it is routinely used to design packed bed filtration systems for the removal of colloidal particles in water. 35, 36 CBFT predicts particle removal by physicochemical filtration, which involves two steps: (1) transport of particles to the surface of grains within a packed bed filter (described by a dimensionless "single collector contact efficiency"), and (2) attachment of particles to the grain surface (described by a dimensionless "attachment efficiency"). While physicochemical filtration is often cited as an important mechanism for FIB removal in biofilters, 19 ,34,37−40 the theory's many underlying assumptions may limit its utility for predicting the filtration of microorganisms in biofilters. 37, 41, 42 In this study we hypothesize that CBFT is a useful predictor of FIB removal in biofilters, but only when considered in the context of the many other factors that can affect treatment performance, such as the presence and type of upright vegetation in these systems, presence of a submerged zone, antecedent dry period (ADP), and biofilter age. To test this hypothesis we: (1) estimate observed first-order removal rates from new and previously published FIB challenge experiments that collectively capture a wide range of infiltration rates, degrees of saturation, ADPs, plant types, and study designs; (2) use CBFT to predict theoretical first-order removal rates for these experiments, ignoring the nonideal conditions that might preclude a direct application of the theory; and (3) use multiple linear regression to determine the fraction of the observed variance in FIB removal rates that can be attributed to CBFT versus other potentially important hydrological, engineering design, and ecological features.
■ METHODS Chandrasena et al. (2014) Experiment. Chandrasena et al. 16 (hereafter referred to as "CH") conducted a series of FIB removal experiments in laboratory biofilter columns (0.6 m deep, 0.15 m diameter). These were constructed with a layer of loamy sand at the top (0.3 m thick), a transition layer of washed coarse sand with 5% (v/v) finely shredded sugar cane mulch and 5% (v/ v) pinewood chips without bark (0.2 m thick), and a gravel drainage layer at the bottom (0.1 m thick). This configuration is typical of biofilters in Australia. The transition layer is included to prevent the filter media from washing into the gravel layer, while the gravel layer is included to convey the treated water to drain pipes if the biofilter is lined, or shallow groundwater if the biofilter is unlined. 12 These previously published FIB challenge experiments were conducted by administering a single dose (either 3.7 or 4.2 L, representing the different climatic conditions in the Australian cities of Melbourne and Perth, respectively) of synthetic stormwater, spiked with a pure culture of E. coli (ATCC #11775), to partially saturated biofilters. The synthetic stormwater consisted of dechlorinated tap water, sediment (passed through a 300-μm sieve) from a nearby stormwater wetland, and reagent grade salts and heavy metals in final concentrations consistent with the chemical makeup of urban stormwater runoff in Melbourne. 43 E. coli concentrations (in units of most probable number (MPN) per 100 mL of sample) were quantified using the culture-based defined substrate technology IDEXX Colilert, implemented in a 96-well Quanti-Tray format (IDEXX, Westbrook, ME). The biofilter columns (n = 90) were placed in a purpose-built greenhouse facility on the Monash University campus in Melbourne that allowed for realistic (i.e., outdoor) light and temperature variability, but prevented rain from falling on the columns, allowing the authors to control the volumes and quality of water entering the columns. Of the 90 columns, 20 were not planted (i.e., unplanted controls) while the other 70 were planted with a single species of upright vegetation. The palate of vegetation species included common biofilter plants spanning three different plant growth forms: two shrubs, one forb, and four graminoid species (consisting of one sedge, two grasses, and one lawn grass). The FIB challenge experiments consisted of seven dosing events conducted over the course of eight months, and therefore the age of the biofilters varied from approximately 8 to 16 months. Prior to the FIB challenge experiments, all columns (both vegetated and unplanted controls) were periodically watered with synthetic stormwater (defined above) with an ADP varying from 0 to 14 days, a typical range for the Melbourne area. 44 Here we focus on a subset of CH's FIB challenge experiments (n = 196) for which the reported infiltration rate was greater than 7.0 × 10 −6 m s −1 ; this threshold represents the lower bound of infiltration rates for which our CBFT correlations apply (see later), and is at the low end of recommended hydraulic conductivities for biofilters in temperate and tropical environments. 45 2015/2016 Follow-Up Experiment. CH's challenge experiments were designed to evaluate FIB removal under a realistic range of field operating conditions. As a result, application of CBFT to these data is complicated by the fact that the columns were partially saturated and subject to transient flow during dosing events. We therefore carried out additional FIB challenge experiments to evaluate CBFT under more idealized (but less realistic) operating conditions. Six laboratory columns (0.8 m deep, 0.24 m diameter) were constructed in the Hydraulics Laboratory at Monash University (Melbourne, Australia) using the same filter media as CH, but arranged in slightly thicker layers; namely, loamy sand (0.4 m) overlying a transition layer (0.3 m) overlying gravel (0.1 m). Three of the biofilters were planted with the sedge (graminoid) Carex appressa and three were unplanted (unplanted controls). The columns were illuminated with grow lights (12 h on, 12 h off) and watered twice per week with the same synthetic stormwater described earlier. Two sets of FIB dosing experiments were conducted, one when the biofilters were approximately 1 month old (July 2015) and another when they were approximately 9 months old (March 2016). While our biofilters were constructed based on the design described in CH, our FIB challenge experiments differed in six significant aspects: (1) source of FIB (a pure culture of E. coli spiked into synthetic stormwater in CH, secondary treated sewage from the Melbourne Eastern Treatment Plant in our experiments); (2) degree of saturation (biofilters were partially saturated in CH, biofilters were fully B saturated in our experiment); (3) flow conditions (the pulse of FIB was applied to the biofilter as a single dose of spiked stormwater in CH, tap water was continuously flowing through our biofilters when the pulse of secondary-treated sewage was applied in our experiment, see Supporting Information, SI, Section S1 for details); (4) method used to assess FIB removal (measurements of the FIB concentration in a single composite sample of the biofilter effluent collected over approximately 24 h in CH, time-resolved measurements of FIB breakthrough curves in our experiment); (5) the FIB groups measured (E. coli in CH, E. coli and enterococci bacteria in our experiment); and (6) the range of infiltration rates interrogated (I = 8 × 10 −6 to 7.0 × 10
m s −1 in CH, I = 1 × 10 −4 to 2 × 10 −4 m s −1 in our experiments). FIB concentrations (in units of MPN per 100 mL of sample) were quantified using IDEXX Colilert (E. coli) and Enterolert (enterococci bacteria) implemented in a 96-well Quanti-Tray format (IDEXX, Westbrook, ME). Secondary-treated sewage is a reasonable (although imperfect) proxy for urban runoff. The concentration of E. coli and enterococci bacteria in the secondary-treated sewage (about 2 × 10 4 to 2.5 × 10 4 MPN 100 mL −1 for E. coli and about 3 × 10 3 to 7 × 10 3 MPN 100 mL
for enterococci bacteria) are within the range reported previously for stormwater runoff (110 to 2 × 10 6 MPN 100 mL −1 for E. coli (median 9 × 10 3 MPN 100 mL −1 ) and <1 to 8 × 10 5 MPN 100 mL −1 for enterococci bacteria (median 5 × 10 3 MPN 100 mL −1 )). 26 However, the conductivity of the secondary-treated sewage (900 μS cm −1 ) is high for stormwater runoff (event mean concentrations ranging from 211 to 730 μS cm ). 46 Salt Pulse Experiment for Estimating Residence Time Distributions. In general, the treatment performance of packed bed filters depends on the rate at which contaminants are removed within the filter (e.g., by physicochemical filtration) and the residence time distribution of water passing through the filter. 47 To model the residence time distribution we adopted the dispersed plug flow model, which requires estimates for the interstitial velocity u s (m s ) and the average porosity of the filter bed (θ, unitless): u s = I/θ. To estimate these parameters we carried out a salt pulse experiment on the same set of biofilter columns used in the 2015/2016 experiment (described above) under saturated and constant flow conditions. Two different conservative tracers were used, NaCl (in July 2015) and NaBr (in March 2016) (see SI, Section S1 for details). Water samples (∼80 per biofilter) were collected from the biofilter outlet at a variable sampling frequency (ranging from 0.067 to 1 min ) for approximately 4 h following the addition of the salt pulse. The samples were then analyzed for conductivity (NaCl, July 2015) and bromide concentration (NaBr, March 2016) using a hand-held conductivity probe (model HQ40d, Hach, Loveland, CO) and an Orion bromide electrode (ThermoFisher Scientific, Waltham, MA); calibration curves were prepared immediately prior to each experiment. Values for α d and u s (and by inference θ) were then estimated by fitting the observed tracer breakthrough curves to the dispersed plug flow model:
) represents the breakthrough concentration of salt at an elapsed time τ since the addition of the pulse, M 0 salt (g) represents the mass of salt added to the biofilter, L (m) is the biofilter depth, A (m) is the biofilter cross-sectional area, and all other variables have been previously defined. For the fitting step, we adopted Bayesian inference using Monte Carlo Markov chain simulation with the DiffeRential Evolution Adaptive Metropolis (DREAM) algorithm. 48, 49 Observed Filtration Rate Constants (k obs ). CBFT represents particle removal in a filter by a first-order rate constant (k CBFT , s −1 , calculated as described later). In this paper we compare the first-order removal rate constant predicted by CBFT, k CBFT , with a first-order rate constant estimated from the FIB challenge experiment, referred to here as an "observed" firstorder rate constant (k obs , s −1 ). Estimating the latter parameter involved two steps: (1) for each FIB challenge experiment (both ours and CH's) we estimated the mass of FIB removed by passage through the biofilter (i.e., the mass ratio M exit FIB /M 0 FIB where M 0 FIB and M exit FIB represent the mass of FIB, both in units of MPN, entering and exiting the biofilter column); and (2) for each mass ratio we calculated a corresponding first-order rate constant k obs assuming that FIB undergo first-order removal and that the residence time distribution can be described by the dispersed plug flow model (see last section). These two steps are detailed next.
The mass ratios were calculated as follows. CH assessed FIB removal by taking the ratio of the FIB concentration in a composite sample of the biofilter effluent (C exit FIB , MPN 100 mL −1 ) and in the dose of spiked stormwater applied to the biofilter inlet (C 0 FIB , MPN 100 mL . CH added 3.7 or 4.2 L of spiked stormwater to the column (depending on the climate being simulated), and reported that the volume of water drained from the biofilters declined with increasing ADP (average of 3.4 L after a three-day dry period versus 2.6 L after a two-week dry period); data on the water added and drained from each column were not reported. By equating the mass and concentration ratios, we may over-or underestimate the actual FIB mass removal in CH's experiments (also note that water and FIB retained in one dosing event may be released in the next dosing event). For the 2015/ 2016 experiments, on the other hand, we calculated the initial FIB mass M 0 FIB from the product of the FIB concentration measured in the secondary-treated sewage and the volume of the sewage pulse added to the biofilter inlet. The mass of FIB exiting the biofilter M exit FIB was estimated by numerically integrating the measured FIB breakthrough curves, after subtracting out the background FIB concentration (20 MPN 100 mL −1 and 2 MPN 100 mL −1 for E. coli and enterococci bacteria, respectively). For each value of the mass ratio M exit FIB /M 0 FIB estimated by the above approach, eq 2 (derivation in ref 50) was numerically solved to yield a corresponding first-order rate constant k obs given known values for the infiltration rate (I) and biofilter depth (L) , in addition to porosity (θ), and dispersivity (α d ) values estimated from the salt pulse experiment (see last section). We used column-specific porosities and dispersivities (Table S1) 
Observed Single Collector Contact Efficiency. One of the master variables in CBFT is the single collector contact efficiency η 0 (unitless), defined as the rate at which particles strike a collector over the rate at which particles flow toward the collector. 35 m) was calculated from the median grain size of each filter media layer weighted by the corresponding thickness of each layer. The attachment efficiency was set to unity because, as noted in Tufenkji and Elimelech, 51 theories for estimating this parameter are currently inaccurate. By setting α = 1 in eq 3, our estimates for η obs represent lower-limit values.
Theoretical Single Collector Contact Efficiency. Typically, three transport mechanisms are considered when predicting the theoretical single collector contact efficiency η 0 : (1) particle collision with the collector by interception (η I , particles moving along a streamline intercept collectors due to physical size); (2) gravitational sedimentation (η G , particles with densities greater than water settle onto the collector surface); and (3) Brownian diffusion (η D , Brownian motion of particles resulting in contact with a collector):
Tufenkji and Elimelich 51 developed a set of correlation equations for predicting η D , η I , and η G in saturated porous media, based on numerical simulations of the convective-diffusion equation for particle transport around a collector, accounting for both hydrodynamic interactions and van der Waals forces that develop between particle and collector on close approach. 51 We used these correlations and eq 4 to calculate theoretical values of η 0 using parameter values appropriate for the biofilter experiments included in this study (see SI Section S2).
Multiple Linear Regression. To determine if CBFT is predictive of FIB removal in biofilters we used multiple linear regression (MLR) conducted in R software 52 to estimate the fraction of variance in the observed FIB removal rate (k obs ) that is explained by the CBFT-predicted removal rate (k CBFT , calculated as described below) as compared to other environmental and biofilter design features. Two different MLR models were evaluated: (1) the Total Model which included data from both CH and the 2015/2016 experiments, and (2) the Partial Model which included data only from CH (2015/2016 experiments excluded). For the Partial Model we adopted the observed filtration rate (k obs ) as the dependent variable, and the following predictor variables: (1) k CBFT (s −1 ), (2) biofilter age (months), (3) ADP (days), (4) submerged zone presence or absence, and (5) a set of three binary dummy variables for plant type (e.g., shrub, graminoid, or forb). The same dependent and predictor variables were adopted for the Total Model, but a new binary predictor variable "Study" was added to account for possible effects of differences in the two studies. Theoretical filtration rate constants (k CBFT ) were calculated from eq 5 based on Tufenkji and Elimelich's theoretical correlations for the single collector contact efficiencies (η 0 , see above and SI Section 2), known values of the infiltration rate (I) and collector diameter (d c ), and the average column porosities (θ) estimated from the salt pulse experiments:
(1 )
Equation 5 is obtained by rearranging eq 3, substituting k CBFT for k obs , and assuming the attachment efficiency is equal to unity. FIB die-off and regrowth were not included as predictor variables because measurements of their respective rates were not available for the set of biofilter experiments analyzed here. In general, these last two rates would not be useful predictor variables because they are complex (and likely variable) functions of dissolved organic carbon and phosphorus concentrations in urban runoff, and the density and grazing rates of micro-and meso-faunal grazers (e.g., predacious protozoa). 37, 53 Prior to performing the MLR, the variance inflation factor (VIF) was calculated for all predictor variables to identify instances of multicolinearity. No significant multicolinearity was detected (VIF < 5), 54 indicating that all variables were suitable for coevaluation in the MLR analyses. Models were ranked according to the Bayesian Information Criterion (BIC). 55 Candidate best-fit model sets (within 2 BIC units of the highest ranked model) were identified and further evaluated relative to predictive ability using leave-one-out cross validation with Root Mean Squared Error (RMSE) as the validation metric. 56 We then selected the best-fit Total Model and Partial Model as those with the lowest average RMSE (weighted average across all leave-oneout estimates) in their respective candidate sets. The coefficient of determination (R 2 ) was calculated for each best-fit model as an indicator of overall model fit. The relative importance of each predictor variable (i.e., the proportionate contribution made to R 2 ) was estimated using the averaging over ordering method proposed by Lindeman, Merenda, and Gold. 57 Because the relative importance of a predictor can differ from its theoretical importance (i.e., the response magnitude for a given change in the predictor) 57 theoretical importance was assessed using estimated effects plots.
■ RESULTS AND DISCUSSION
Single Collector Contact Efficiencies. The single collector contact efficiency (η 0 ) includes contributions from interception (η I ), diffusion (η D ), and gravitational sedimentation (η G ) (see eq 4 and discussion thereof). To the extent that Tufenkji and Elimelich's correlation 51 applies to our data set, their theory predicts that Brownian diffusion is the dominant transport This result can be understood by noting that, at higher infiltration rates, FIB are swept past collectors more quickly (thus reducing the opportunity for FIB-grain collisions by one or more transport mechanisms) and hydrodynamic repulsive forces between FIB and grains become stronger on close approach (thus reducing the likelihood that FIB-grain collisions will actually occur). Single collector contact efficiencies calculated from the FIB challenge experiments (η obs ) follow a similar trend, although there is considerable scatter about the theoretical curve (compare data points with thick solid curve). Interestingly, some of this scatter is plant specificfor example, it appears that biofilters planted with shrubs are consistently biased low relative to Tufenkji and Elimelich's correlation (compare red open squares and dark black curve in Figure 1) .
First-Order Filtration Rates. CBFT is a poor predictor of the first-order FIB removal rate constants estimated from CH's experiments (red symbols, Figure 2A ). In particular, CH's FIB removal rate constants exhibit nearly 100-fold more variability compared to the FIB removal rate constants predicted by CBFT. By contrast, the observed and CBFT-predicted first-order removal rates are in relatively close agreement for the 2015/ 2016 experiments (black and green symbols, Figure 2A ). One interpretation of these results is that CBFT is a better predictor of observed removal rates when the experimental design of the FIB challenge experiments adheres more closely to the assumptions inherent in our analysis of the datain particular, several of the key assumptions of the dispersed plug flow model (steady flow and fully saturated conditions, see eq 2) were more closely approximated in our 2015/2016 experiment than in CH's experiment. However, the variability in CH's k obs may simply reflect the many treatments tested in their study on FIB removal, including five different plant types, two different ADPs, four different biofilter ages, and the presence/absence of submerged zones. Indeed, under realistic field operating conditions it is likely that many different factorsperhaps including CBFTwill influence observed FIB removal rates.
Multiple Linear Regression. MLR modeling supports our hypothesis that CBFT can predict observed filtration rates, but only when considered in the context of other environmental, ecological, and biofilter design variables. The selected predictor variables were nearly identical for the Partial Model (CH's data alone) and Total Model (CH's and our 2015/2016 data) ( Table  S2 ). The Partial Model consists of four significant predictor variables (k CBFT , ADP, column age, and shrub presence/absence) while the Total Model consists of the same four variables plus an additional (fifth) variable "Study", signaling the presence of a significant study-specific effect (see above discussion of acrossstudy differences). The magnitude of the "Study" effect is evident in Figure 2B ,C, where the 2015/2016 k MLR values (black and green symbols) are clear outliers (k MLR ≈ k obs ) when predicted using the best-fit Partial Model ( Figure 2B ) but fall along the 1:1 line (k MLR ≈ k obs ) when "Study" is included in the Total Model ( Figure 2C ).
Both the Partial Model and Total Model explain a substantial fraction of the observed variance in the FIB removal rate constant k obs (approximately 66%; see Table S2 ). Roughly half of the variance captured by the MLR models is attributable to the CBFT-predicted rate constant k CBFT (31% Total Model; 35% Partial Model). The remaining variance, in order of decreasing importance, is attributable to (1) ADP (14% Total Model; 18% Partial Model): (2) Study (8% Total Model; omitted in the Partial Model); (3) column age (7% Total Model; 8% Partial Model); and (4) shrub presence/absence (6% Total Model; 5% Partial Model, Table S2 ). These results imply that, while k CBFT alone cannot be used to estimate k obs (Figure 2A) , the former is a strong predictor of the latter when considered together with other (individually subordinate but collectively strong) variables pertaining to hydrology, biofilter maturity, and biofilter ecology ( Figure 2B,C) . Interestingly, ADP, which appears as the second most important variable in both models (compare averaging over ordering (LMG) scores in Table S2 ), has been identified as a key factor affecting the removal of stormwater pollutants by biofilters in other studies. 16,17,58−61 Partial Effect Plots. Partial effects plots (calculated from the Total Model) reveal how the influence of CBFT on observed FIB removal rates is modulated by ADP, biofilter age, and the presence of shrubs (Figure 2D−F) . Consistent with the results presented in Table S2 , k MLR increases monotonically with increasing k CBFT . However, this relationship is weakened by the presence of shrubs ( Figure 2D ) and longer ADP ( Figure 2E ) and is enhanced in older biofilters ( Figure 2F) . Surprisingly, plants play a relatively minor role in both the Total Model and Partial Model, except to reduce FIB removal rates when the biofilters are planted with shrubs. On its face this result contradicts CH's finding that the choice of plant species strongly influences FIB removal. 39 This apparent contradiction is resolved by taking into account the distinction between a first-order removal rate for FIB (the focus of this study) and overall FIB removal (the focus of CH's study). We focused on the first-order removal rate because it is the more fundamental parameter; i.e., the overall removal rate achieved by a biofilter will depend on both the rate at which FIB are removed by one or more mechanisms (k obs ) and the advective and dispersive transport processes that determine the biofilter's residence time distribution. 47 Thus, plants can affect overall FIB removal in at least three potential ways: (1) creating new mechanisms by which FIB are removed in the biofilter, for example, by growing roots that serve as collectors for FIB, 40 creating habitat for micro-and meso-faunal grazers that remove FIB through predation, 19, 37, 38, 62 and altering the survival rates of FIB through, for example, competition for nutrients; 34 (2) altering the single collector contact efficiency and attachment efficiency through promotion of biofilm growth, 63 generation of surface-active plant exudates, 64 and creation of preferential flow paths that limit stormwater/biofilter media interactions; 65, 66 and (3) changing the infiltration rate which, in turn, alters the biofilter's residence time distribution, 66 the single-collector contact efficiency (see Figure 1) , and ultimately the first-order filtration rate (see eq 5).
More generally, the above three categories of plant effects can be grouped into those where the plants directly influence FIB removal (categories (1) and (2)) versus those in which plants indirectly influence FIB removal by altering the infiltration rate (category (3)). With the exception of shrubs, our MLR analysis suggests that the type of plants (or even the presence of plants) does not affect the value of k obs (see Table S2 and discussion above). Therefore, for the experiments analyzed here, plant selection influences FIB removal indirectly by changing the infiltration rate, not directly by changing the mechanisms of FIB removal, or altering η 0 in ways not already accounted for by CBFT theory. This interpretation is consistent with CH's assessment that, relative to FIB removal, "highly performing plant species were associated with lower infiltration rates." 20 Our MLR results also suggest that, all else being equal, FIB removal rates increase with increasing biofilter age and decreasing ADP. The influence of increasing biofilter age on FIB removal rate may reflect an increase in the number of ways FIB are removed by the biofilter as it ages, including "filter ripening" (where previously deposited particles serve as additional collectors in the absence of electrostatic interparticle repulsion), 67 biofilm formation (and associated increases in the attachment efficiency), 63 and/or the progressive growth of micro-and meso-faunal grazers over time. 19, 37, 38 The influence of ADP on FIB removal rate, however, may reflect the tendency of preferential flow paths (including fissures and macropores) to develop after long ADPs. 34, 39 While preferential flow paths are associated with increased infiltration rates (an effect already accounted for by CBFT and hence incorporated into the value of k CBFT , see above), 34, 39 by "short circuiting" the flow they can also reduce the number of FIB/collector collisions that can occur as FIB quickly pass through the biofilter (an effect not accounted for by CBFT and thus not included in k CBFT ). Because ADP can fundamentally alter the mechanisms by which FIB are removed in the biofilter, it is not surprising that this quantity emerges as a secondary but significant predictor of k obs in our MLR analysis.
Finally, it is worth noting that different removal mechanisms may operate over different time scales. For example, FIB may attach to media grains by physicochemical filtration over the time scale of a storm, and then undergo permanent removal by microor meso-faunal grazing over longer time scales. 19, 37 Infiltration Rate and Catchment Ratio as Master Design Variables. The importance of infiltration rate on FIB removal becomes even more evident if one considers not only the biofilter, but also the drainage system within which the biofilter is embedded. As illustrated in Figure 3 ). When Q < IA all runoff will pass through the biofilter, whereas when Q > IA only a portion of runoff (equal to IA) will pass through the biofilter. Thus, at the catchment scale, a potential trade-off arises in which higher infiltration rates increase the volume of runoff passing through the biofilter (all else being equal), but reduce the overall FIB removal achieved for the various reasons described above (e.g., reduction in the single collector contact efficiency and mean residence time in the biofilter).
This potential trade-off can be illustrated by a simple steadystate analysis, in which we assume that minimal on-site storage exists for the runoff (or storage is fully utilized). Under such conditions, the performance of the biofilter/catchment system can be evaluated by quantifying the fraction of FIB load (FIB s 
The ratio M exit FIB /M 0 FIB represents the steady-state fraction of FIB mass not removed by the biofilter (see eq 2). We used eq 6 to ) is the biofilter surface area. If Q > IA, then only a fraction (IA) of the incoming runoff will be treated by the biofilter while the rest will bypass the biofilter and flow directly to the storm sewer system. Depending on biofilter design, runoff passing through the biofilter can be harvested, infiltrated, or released back to the storm sewer system. ) and for four different biofilter-catchment systems in southern California (Irvine Caltrans and Elmer Avenue) and Melbourne (Hereford Road and Parker Street). For these calculations we assumed: (1) rainfall intensity of i = 10 mm hr −1 ; (2) the biofilters all have the same basic design (i.e., same bed media and depth) but differ in their surface area (A) and area of the impervious catchment that drains to the biofilter (A c ) (Table S3 ); and (3) an impervious runoff coefficient of unity (thus all rain falling on the catchment will generate runoff, Q = iA c ). The ratio M exit FIB /M 0 FIB appearing in eq 6 was estimated from eq 2 after replacing k obs with the Total Model predictions for k MLR and assuming: (1) biofilters are one year old; (2) 1 week ADP; (3) shrubs present; and (4) average porosity and dispersivity values obtained from the salt pulse experiments.
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For three of the biofilter sites (Irvine Caltrans, Hereford Road, and Parker Street) there is a clear optimal infiltration rate at which FIB mass breakthrough L exit FIB /L 0 FIB is minimized (Figure 3 ). The FIB removal achieved at this optimal infiltration rate is strongly dependent on the catchment ratio, defined as the ratio of biofilter area to catchment area (CR = A/A c , Table S3 ). 44 The system with the lowest CR (Elmer Avenue) exhibits near complete FIB breakthrough across the full range of infiltration rates evaluated. In this case, the biofilter receives too much runoff (from too large a catchment area) and as a result most of the stormwater generated by the catchment bypasses the biofilter and flows directly to the storm drain (or, in the case of Elmer Avenue, other LID features including porous pavement, bioswales, or an underground infiltration gallery 68 ). As CR increases (Hereford < Parker < Caltrans) a larger fraction of the stormwater passes through the biofilter, the optimal infiltration rate shifts toward lower values, and more FIB removal is achieved at the optimal infiltration rate. One of the most pervasive problems with the long-term performance of biofilters is their tendency to accumulate fine particles and clog over time. 69 According to this simple analysis, a decline in infiltration rate (associated with clogging) may increase or decrease FIB removal depending on where a biofilter starts out on the design curves illustrated in Figure 3 .
Our MLR model should be viewed as a prototype subject to future refinement, for example to account for the effects of field versus laboratory studies, different classes of microorganisms (viruses, bacteria, protozoans), plant monocultures versus plant polycultures, and soil invertebrates. Practically speaking, the MLR results presented here (plus their future refinements) can be incorporated into standard LID design software packages, such as the U.S. Environmental Protection Agency's Storm Water Management Model (SWMM). 
